Abstract-The SeaWinds scatterometer was originally designed to measure wind vectors over the ocean by exploiting the relationship between wind-induced surface roughening and the normalized radar backscatter cross section. Rain can degrade scatterometer wind estimation; however, the simultaneous wind/ rain (SWR) algorithm was developed to enable SeaWinds to simultaneously retrieve wind and rain rate data. This algorithm is based on colocating data from the Precipitation Radar on the Tropical Rainfall Measuring Mission and SeaWinds on QuikSCAT. This paper develops a new wind and rain radar backscatter model for SWR using colocated data from the Advanced Microwave Scanning Radiometer (AMSR) and SeaWinds aboard the Advanced Earth Observing Satellite II. This paper accounts for rain height in the model in order to calculate surface rain rate from the integrated rain rate. The performance of SWR using the new wind/rain model is measured by comparison of wind vectors and rain rates to the previous SWR algorithm, AMSR rain rates, and National Center for Environmental Prediction numerical weather prediction winds. The new SWR algorithm produces more accurate rain estimates and improved winds, and detects rain with a low false alarm rate.
radiometer measurements and thus add value to data collected by SeaWinds on QuikSCAT.
Scatterometer-based wind retrieval over the ocean is made possible by the relationship between near-surface winds and the normalized radar backscatter cross section σ o . This relationship is known as the geophysical model function (GMF) [1] , [2] . The wind is retrieved by inverting the GMF through estimating the wind speed and direction that are most likely to have caused the measured σ o [3] . The SeaWinds scatterometer has been shown to retrieve highly accurate wind vectors for most conditions over the Earth's oceans [4] , [5] ; however, the performance of the wind retrieval is degraded when rain is present [6] , [7] . Many studies have been conducted on the effects of rain on radar backscatter particularly as it applies to scatterometer-based wind retrieval, e.g., [7] [8] [9] [10] . The effect rain has on the observed backscatter is complicated and depends on the rain rate and wind speed among other factors. In general, at Ku-band, rain tends to increase the backscatter, causing the retrieved wind speed to appear greater than the true wind speed [11] . Rain-corrupted wind tends to point orthogonal to the satellite track or cross swath regardless of the true wind direction [12] . Thus, uncompensated rain contamination introduces biases in the scatterometer-retrieved winds. As previously noted, while radiometer measurements can be used to identify raincontamination in scatterometer-retrieved winds for ADEOS-II, QuikSCAT requires a method for dealing with rain using only scatterometer measurements.
Algorithms have been developed to flag scatterometer data for rain by thresholding a modified objective function of the σ o observations [13] , [14] or by using a multidimensional histogram involving several rain-sensitive parameters [12] . A rain rate and rain flag product has also been derived from the scatterometer noise-only measurements [15] , [16] . Some studies have developed wind and rain backscatter models in order to improve wind retrieval by separating the rain-induced backscatter from wind-induced backscatter. Stiles and Yueh [17] developed a backscatter model by determining an affine relationship between the measured σ o and the wind-only σ o . The slope and intercept of the relationship were related to Special Sensor Microwave/Imager integrated rain rates via linear regression. Hilburn et al. [18] derived a wind and rain backscatter model using colocated data from AMSR and SeaWinds data on ADEOS II. Their synergistic model combines active and passive remote sensor data to correct scatterometer wind estimates in the presence of rain.
Draper and Long [7] , [19] incorporated a wind and rain backscatter model into an SWR retrieval algorithm, which is capable of extracting both wind and rain data from scatterometer measurements; however, the performance of the algorithm degrades outside the tropical region (between 35 • N and 35
• S latitude). The original model that Draper and Long [7] developed for the SWR algorithm used colocated data from the SeaWinds scatterometer on QuikSCAT and the Precipitation Radar on the Tropical Rainfall Measuring Mission (TRMM PR), which only covered the tropical region. Thus, since rain parameters vary with latitude, the accuracy of the model decreases outside of this region.
In this paper, a new wind/rain backscatter model is developed that is calibrated to AMSR data. We use ADEOS-II SeaWinds and AMSR data to develop the model and evaluate its performance with SWR. This paper is motivated by our desire to apply the technique to SeaWinds on QuikSCAT, which has no radiometer to aid in rain detection and retrieval. By comparing the SWR performance of ADEOS-II SeaWinds and AMSR, we can understand the SWR performance expected for QuikSCAT, thus extending the capability of the QuikSCAT mission. The new wind/rain model is based on the same phenomenological backscatter model used by Draper and Long to represent the effects of rain on SeaWinds backscatter; however, rain height is included, and the rain data for this paper is provided by the AMSR radiometer as opposed to the TRMM PR. Climatology maps of rain height are derived in this paper for use in the SWR algorithm. The wind vectors used to derive the model come from the National Center for Environmental Prediction (NCEP) numerical weather prediction wind fields. Rain rate and rain parameters are derived from the colocated measurements of SeaWinds and AMSR aboard ADEOS II. The new model is used with the SWR algorithm to estimate winds and rain over the SeaWinds mission. These are validated by comparison to AMSR-derived rain rates and NCEP winds.
Section II of this paper describes the instruments and the data sets used in this paper. In Section III, we develop the new wind and rain backscatter model by extracting the model parameters from the data sets and relating the rain-induced parameters to rain rate. Rain height climatology tables are derived and compared in Section IV. The updated SWR algorithm is used to process SeaWinds on ADEOS II data, which is compared to the original SWR-processed SeaWinds data, AMSR rain rates, and NCEP wind vectors. The results of these comparisons are presented in Section V.
II. INSTRUMENTS AND DATA
The ADEOS II satellite carried both SeaWinds and AMSR. The measurements of the two sensors are colocated in space except for the outermost portion of AMSR's swath. There is no more than 2.5 min between colocated measurements [18] .
SeaWinds is a Ku-band pencil-beam scatterometer operating at a frequency of 13.4 GHz [20] . It uses two circularly scanning beams at fixed incidence angles with different polarizations. The outer beam is vertically polarized (v-pol) with an incidence angle of 54
• and the inner beam is horizontally polarized (h-pol) with an incidence angle of 46
• . With a swath width of 1800 km, SeaWinds covers about 90% of the Earth's surface daily.
SeaWinds measures the normalized radar backscatter cross section, σ o , at multiple azimuth angles. In conventional wind processing, maximum likelihood estimation is used to invert the GMF to retrieve wind vector ambiguities, which are the most probable wind vectors for the given σ o observations within a 25 km × 25 km square, or wind vector cell (WVC). The resulting wind vector ambiguities then undergo a dealiasing process to select the ambiguities that most closely match the true wind field.
AMSR is an eight-frequency radiometer with both v-pol and h-pol measurements for all frequencies except two. The antenna scans a semicircular pattern in front of the spacecraft at a fixed incidence angle of 55
• , giving AMSR a slightly wider swath (1900 km) than SeaWinds. AMSR measures brightness temperatures at various frequencies that are processed to obtain various geophysical parameters like sea surface temperature (SST), atmospheric liquid, and rain. The AMSR level 2A overlay (L2Ao) files, provided by the Jet Propulsion Laboratory (JPL), report parameters such as rain rate and SST on a grid designed to overlay the SeaWinds L2B product [21] . The AMSR overlay data are divided into 12.5 km × 12.5 km squares, or WVC quadrants (WVCQs), with four quadrants inside each WVC. AMSR data are also used to calculate the rain attenuation at SeaWinds' operating frequency. This rain attenuation measurement is contained in the SeaWinds L2A data structure for each σ o measurement. This paper also makes use of NCEP model winds, which are numerically predicted winds calculated every 6 h with a very coarse resolution (2.5
• × 2.5 • ). Because of this coarse resolution, small-scale wind features and rain effects are not included in the prediction. NCEP thus provides an estimate of the mean rain-free wind. These predicted winds are interpolated in space and time to each SeaWinds WVC and are included in the L2B files; however, the NCEP wind speeds are biased high when compared to the winds retrieved by SeaWinds [22] . The method for correcting this bias is presented in Section III-A. The next section describes the derivation of the wind/rain model function.
III. WIND AND RAIN BACKSCATTER MODEL
Rain has three major effects on radar backscatter: raindrops roughen the ocean's surface, which tends to augment the surface backscatter; raindrops falling in the atmosphere attenuate the radar signal as it travels to and from the ocean's surface; and atmospheric rain also backscatters the signal. We model these rain-induced effects with a simple phenomenological model [19] 
where σ m is the backscatter measured by SeaWinds, σ w is the surface backscatter from wind-induced capillary waves, σ sr is the surface backscatter due to raindrop splash products, α r is the two-way atmospheric rain attenuation, and σ r is the volume scattering due to atmospheric rain. The three rain-effect parameters σ sr , α r , and σ r are functions of the integrated rain rate, which is modeled as the product of surface rain rate and rain height. The σ sr term is a simplified model for the average rain-induced surface perturbation effect and ignores the interaction between wind and rain. Since we are only interested in the bulk effect of surface perturbation due to rain, an additive parameter is deemed sufficient. Because SeaWinds can provide very little information on drop size distribution and vertical profile, the atmospheric rain parameters (α r and σ r ) are not explicitly parameterized in terms of these terms. This is a limitation of the technique. To simplify the backscatter model of (1), we combine the rain effects into a more compact form [7] 
where σ e = σ sr α r + σ r is the effective rain backscatter. This model combines three sources of uncertainty into two. The following sections demonstrate the method of calculating the parameters of the model and the relation of the rain parameters to the integrated rain rate.
A. Estimation of Wind-Only Backscatter and Bias Correction
The wind-only backscatter term σ w of (2) represents the backscatter due to wind when no rain is present, which corresponds to the conventional wind-only GMF. In order to derive the other model parameters, σ w is calculated from the NCEP model winds contained in the SeaWinds L2B product and the standard QuikSCAT GMF, QMOD3 [3] . The NCEP wind vectors are interpolated to the center latitude and longitude of each SeaWinds σ o measurement by performing a cubic spline interpolation of the orthogonal wind vector components separately. The interpolated vector components are recombined to obtain the speed and direction of the interpolated wind vectors. These are then projected through the GMF in order to estimate the wind-only backscatter at each σ o location
where M represents the GMF, u (NCEP) is the interpolated NCEP wind speed, χ (NCEP) is the relative azimuth angle of the interpolated NCEP wind vector, θ is the incidence angle, and pol is the beam polarization. σ w(NCEP) is a biased estimate of the actual σ w because the NCEP winds themselves are biased relative to SeaWinds winds as mentioned previously. Due to the low resolution of NCEP winds, we assume that the bias is spatially correlated. We estimate the bias, , for each σ o observation as a weighted average of the difference between σ m and σ w for all rain-free observations in the same look direction, either fore or aft. We define rain-free observations as those with rain rate less than 0.01 because 0.01 mm/hr is the lowest rain rate that AMSR can detect. The bias error of the jth observation is
where the index i sums over all rain-free observations of the same look direction as the jth observation, and σ i m(SW) is the backscatter measured by SeaWinds. W ij is the Epanechnikov weighting function for the ith and jth observations, which is calculated by
where r is a radius in kilometers around the jth observation and d(i, j) is the distance between the ith and jth observations in km. Nominally, r is 20 km unless there are fewer than two observations within 20 km, in which case the radius is dilated by adding 10 km at a time until at least two observations are found within the radius. σ w can now be written as the sum of the backscatter predicted from the NCEP winds and the bias error
The mean bias of the training data set is −0.0021 with a standard deviation of 0.0052, which is consistent with the observation that NCEP winds are biased slightly high compared to SeaWinds winds. These values are comparable to a mean of −0.0025 and standard deviation of 0.0064 observed in [7] .
B. Calculation of Rain Parameters
Before presenting the calculation of the rain model parameters, we discuss the differences between the viewing geometries of SeaWinds and AMSR that affect the accuracy of the rain model. The v-pol measurement of SeaWinds has an incidence angle of 54
• , which is similar to AMSR's 55
• incidence angle; however, SeaWinds' h-pol measurements are at an incidence angle of 46
• . The AMSR rain attenuation, as contained in the AMSR L2Ao files, is computed empirically for each σ o observation where the difference in incidence angles is implicitly taken into account [21] . SeaWinds' observations can be fore or aft with respect to the orientation of the spacecraft, whereas AMSR only looks forward. This difference in azimuth observation angle relative to the spacecraft is not addressed in computing the rain attenuation.
Partial beam filling is not explicitly accounted for in estimating the model parameters. Partial beam filling occurs when the horizontal extent of a rain cell is smaller than the width of the radar beam passing through it. Hilburn et al. [18] accounts for partial beam filling in their ocean wind correction algorithm by means of an effective temperature depression that is calculated from AMSR brightness temperatures. This approach cannot be used for QuikSCAT. Correcting for partial beam filling from SeaWinds data alone is impractical [7] and is not attempted here.
To derive the rain model function, the two rain model parameters of (2), α r and σ e , are calculated from AMSR data. The SeaWinds L2A files include an empirical calculation of the attenuation due to atmospheric water. An estimate of other sources of attenuation (e.g., clouds and water vapor) is subtracted from this attenuation term to yield the attenuation due to rain alone (see [23] ). Estimates of the effective rain backscatter can be computed using the estimates of windonly backscatter and rain attenuation by rearranging the terms in (2)
The following section discusses the relationship between these two model parameters and integrated rain rate.
C. Relation of Rain Parameters to Integrated Rain Rate
AMSR rain rate data from the L2Ao files is interpolated to the center latitude and longitude of each SeaWinds σ o observation in order to observe the effect rain has on backscatter. The rain rate for a given σ o measurement is set to the value of the nearest neighboring AMSR WVCQ. Nearest neighbor interpolation is done for simplicity, while a more rigorous approach could use a weighted average of nearby cells based on the gain pattern of the antenna.
The rain model parameters of (2) are functions of the integrated rain rate; however, the AMSR L2Ao files report only the surface rain rate and provide no rain height estimate. Using a technique similar to that of [24] , SSTs from the AMSR L2Ao files are used to estimate rain heights [21] , which in turn are used to compute the integrated rain rate.
We model the relationship of atmospheric rain attenuation and effective rain backscatter to integrated rain rate as quadratic polynomials of integrated rain rate
where R ir is the integrated rain rate in decibels. α r is converted to decibels twice in (8) in order to facilitate fitting the data with a quadratic polynomial, similar to [7] .
The training data set used to calculate the model parameters include data from the L2A, L2Ao, and L2B files and is composed of one orbit selected randomly from each day of the ADEOS II mission. In order to avoid sea-ice contamination near the poles, only data between 60
• S and 60
• N latitude are included. R ir is calculated from the AMSR L2Ao files, the α r(AMSR) term is taken from the SeaWinds L2A file (note that it is calculated based on AMSR data even though it is found in the SeaWinds data set [21] ), and the σ w(NCEP) and terms are derived from the NCEP winds found in the SeaWinds L2B files. Only the portions of the swath where both h-pol and v-pol measurements are available are used in the data set, so roughly five million colocated data points are used to calculate the h-pol parameter coefficients and three million are used to calculate the v-pol coefficients. We solve for the quadratic polynomial coefficients c a and c r by casting (8) and (9) into matrix form and using least-squares. The model coefficients are recorded in Table I for both h-pol and v-pol observations. These attenuation and effective rain backscatter models are valid for integrated rain rates between 0.01 and 100 km · mm/h. The full wind and rain backscatter model is
fa (R ir )/10 /10 + 10
where s and d are the wind speed and direction.
Figs. 1 and 2 compare the rain model parameters to those of [7] . For the remainder of this paper, we refer to the model in [7] as the Draper-Long SWR (DL-SWR) model while our model is referred to as the AMSR-SeaWinds SWR (AS-SWR) model. The range of values are comparable for both parameters and both polarizations; however, the behavior of the two models is slightly different. For the scales shown in the plot of Fig. 1 , the DL-SWR attenuation model appears nearly linear, whereas the AS-SWR attenuation model appears more parabolic. The attenuation values for the AS-SWR model are lower than those of the DL-SWR model for the lowest and the highest integrated rain rates. The fact that the attenuation values of the AS-SWR model appear to level off at higher rain rates may be due to the effect of partial beam filling for the empirically calculated attenuation values. Convective storms tend to have high rain rates and have small physical scales [21] , [25] , [26] ; therefore, they only partially fill the SeaWinds' footprint. This suggests that on average the partial beam-filling effect is included in the empirical calculation of the attenuation. For increasing integrated rain rates, σ e is larger for the h-pol beam than it is for the v-pol beam, as has been noted in previous investigations [7] , [17] .
IV. RAIN HEIGHT
The SWR algorithm estimates an irregularly weighted spatially averaged integrated rain rate for each WVC [19] . AMSR estimates rain rate, so in order to compare the two methods of rain retrieval, an estimate of the rain height is necessary to convert integrated rain rate to surface rain rate. SeaWinds has only very coarse range resolution and cannot measure rain height from the time of flight of the radar return like the TRMM PR. Thus, for this paper, rain height is provided by a simple climatology. The following sections examine the statistics of rain height and the different methods of incorporating rain height into the SWR algorithm. 
A. Rain Height Climatology
Previous studies [27] , [28] have shown that rain height is a function of latitude, longitude, and season. The AMSRderived rain heights in the current study also demonstrate these dependences. For example, Fig. 3 shows a plot of rain height versus latitude. The bands that occur at discrete rain heights are due to the quantization of the AMSR data used to calculate the rain heights. The nonparametric fit to the data represents the mean rain height of each latitude bin. We note that the mean rain height is low at high latitudes and reaches a peak near the equator. This figure demonstrates a strong connection between rain height and latitude; however, there is a great deal of spread in the rain heights for a given latitude bin, particularly in the northern hemisphere, which has a higher average rain height compared to the southern hemisphere. Rain height variability contributes to the variability in the AS-SWR-derived rain rate estimates.
B. Rain Height Tables
Mean rain height tables based on different combinations of latitude, longitude, and Julian day are created and compared based on the R 2 goodness of fit, which provides a measure of how much the fit accounts for the variance of the rain height. A summary of these statistics for the different tables is presented in Table II. Latitude is the largest factor for determining rain TABLE II  VARIANCE OF THE RAIN HEIGHT DIFFERENCES FOR THE  VARIOUS MEAN RAIN HEIGHT TABLES height, accounting for nearly 90% of the variance in rain height by itself. The most complete model includes all three index parameters and accounts for 97% of the variance. The combination of latitude and longitude marginally outperforms the combination of latitude and day, both accounting for roughly 92% of the variance. Including seasonal (day) dependence improves the accounting to 97% of the variance. Simulation suggests that including seasonal dependence in the SWR algorithm reduces the rain error variance by less than 0.01 mm/h. Since ADEOS II failed before a full year's worth of data could be acquired, the rain height statistics are limited to the months between April and October. Thus, we cannot form a rain height table that is indexed by day or season for use outside of these months. We therefore do not include seasonal dependence for the remainder of this paper and use a height table based only on latitude and longitude. We note that the temporal distribution of rain height data limits the accuracy of the latitude and longitude rain height maps because the mean rain height is biased toward the values of the summer months. Future work to improve the rain height table should use a longer data set of rain heights to generate annual climatological rain height maps.
For wind retrieval, the original DL-SWR algorithm is modified to use the AS-SWR wind/rain model and the latitudeand longitude-based table of mean rain heights discussed in this section. The modified retrieval is termed the AS-SWR algorithm and is validated in the next section.
V. VALIDATION RESULTS
To validate the performance of the AS-SWR algorithm, data from the entire SeaWinds on ADEOS II mission are processed using the AS-SWR algorithm. Results and statistics presented in this section are for the entire mission unless otherwise stated. Rain rates from the AS-SWR algorithm are compared to AMSR rain rates and wind vectors are compared to NCEP winds only in locations where AMSR, DL-SWR, or AS-SWR detects rain. In order to convert DL-SWR integrated rain rates to surface rain rates, the DL-SWR integrated rain rates are divided by the rain heights provided by the rain height table used by AS-SWR. 
A. Rain Rate Comparison
This section compares AS-SWR and DL-SWR rain retrieval to that of AMSR rain estimates. Fig. 4(b) shows a scatter density plot of AMSR rain rates versus bias-corrected AS-SWR rain rates for one month. We note that raw AS-SWR retrieved rain rates are biased high compared to AMSR. This bias is corrected by adjusting the rain model parameter coefficients of Table I according to the technique presented in [29] . For comparison, Fig. 4(a) shows a similar plot for bias-corrected DL-SWR rain rates. In both cases, the rain rate thresholds discussed in [30] are used to discard rain rates that are deemed spurious.
Comparing Fig. 4(a) and (b), the variance in the AS-SWR rain rates is noticeably improved compared to DL-SWR. For the data shown in Fig. 4 , the correlation coefficient of DL-SWR with AMSR rain rates is 0.64, while the correlation coefficient of AS-SWR with AMSR rain rates is 0.61. For the entire mission, the mean residual bias of DL-SWR relative to AMSR rain rates is −0.86 mm/h and the mean residual bias of AS-SWR relative to AMSR rain rates is −0.55 mm/h. Overall, the DL-SWR rain rates have a slightly higher correlation, but the AS-SWR rain rates have less residual bias and less variance at higher rain rates. As discussed later, the AS-SWR rain rates are more accurate over a wider latitude range than DL-SWR. To demonstrate the SWR algorithm's ability to separate wind and rain effects on backscatter, each WVC is classified by backscatter regime from the backscatter measurements. The regime is determined by the estimated rain fraction defined as the ratio of effective rain backscatter to the total measured backscatter, F = σ e /σ m . Table III contains a summary of these backscatter regimes. The rain rate data sets are binned by backscatter regime and the correlation coefficient and the mean and rms differences (in linear scale, not dB scale) are calculated for all regimes. These statistics are summarized in Table IV . The data in regime 2 have the highest correlation coefficients because rain dominates the backscatter and the rain estimates have a higher quality than the other regimes. The data in regime 0 has the lowest correlation coefficients because wind dominates the backscatter and degrades the quality of rain estimation. Rain estimation in this regime can be expected to be unreliable. Overall, AS-SWR has lower mean and rms differences relative to AMSR rain rates than DL-SWR. When the data are binned by regime, the DL-SWR mean and rms error is the smallest in regime 1 and largest in regime 2. Although the variation with regime is smaller for AS-SWR, AS-SWR has an opposite trend, with the smallest errors at the highest regime number. This is consistent with expectations since the rain retrieval should be less accurate in wind-dominated regime 0 and more accurate in rain-dominated regime 2. This topic is further discussed in later paragraphs. Fig. 5 shows the average rain rate versus latitude for the month of June 2003. AS-SWR average rain rates resemble the AMSR rain rates more than DL-SWR rain rates except in the southernmost latitudes (between 40
• and 60 • S latitude) where AS-SWR rain rates become larger than AMSR's. DL-SWR average rain rates are larger than AMSR's and they become increasingly larger at 20
• S latitude and below. This suggests that AS-SWR has improved rain retrieval performance over a broader range of latitudes. This is not surprising since DL-SWR was developed by comparison with only tropical rains via TRMM-PR, whereas AS-SWR uses global AMSR measurements.
We check the consistency of DL-and AS-SWR rain rate estimates with AMSR rain rates by comparing the distributions of rain rate estimates. Fig. 6 shows histograms of AMSR, DL-SWR, and AS-SWR rain rates from WVCs where both SWR algorithms detect the same rain backscatter regime. AMSR's histogram is nearly exponential and highly concentrated at low rain rates, whereas DL-and AS-SWR are more concentrated at higher rain rates. We note that scatterometer backscatter measurements have proportionally more noise than do AMSR brightness temperature measurements. This is reflected in the histograms of the rain estimates, which reflect the convolution of the exponential true (AMSR) rain rate distribution and the Gaussian distribution of the backscatter measurement error. The backscatter error "spreads" the distribution. Since the rain rate cannot be negative, spreading has the effect of decreasing the number of low rain observations and increasing the number of high rain measurements. This effect is further enhanced by the nonorthogonal nature of backscatter signature of rain and wind, which can confuse rain effects and wind speed at certain wind directions [19] . Fig. 7 shows rain rate histograms for the same data binned by backscatter regime. We note that in regime 0, poor rain retrievals are expected since the backscatter is dominated by wind, i.e., there is limited sensitivity of backscatter to rain. In regime 2, the observed backscatter is dominated by rain and should result in the best rain accuracy (but poor wind accuracy). We note that in regime 2, rain accuracy can be improved by using a rain-only retrieval algorithm [31] , although this algorithm is not applied here.
As in Fig. 6 , the SWR histograms reflect the convolution of the true exponential rain histogram with the normal distribution of the noise in the backscatter measurements. As anticipated, in regime 0 where rain accuracy is expected to be poor, the rain is underestimated at low rain rates, although it becomes more accurate at higher rain rates. The large deviation of the SWR histograms from the AMSR histogram in regimes 1 and 2 is due, in part, to errors in estimating the correct regime, as well as measurement noise. SWR histograms for regimes 1 and 2 erroneously include a higher proportion of low rain rates from regime 0 due to regime classification errors which alter the observed distribution. Nevertheless, for both regimes 1 and 2, AS-SWR is more accurate than DL-SWR at lower rain rates although both DL-SWR and AS-SWR overestimate the occurrence of low rain rates.
Clearly, SWR rain rates are inferior to AMSR-derived rain rates, which would be preferred for rain rate retrieval during the ADEOS-II mission. However, since the QuikSCAT platform does not carry a radiometer, these results are useful for understanding the utility of the AS-SWR rain rates during the QuikSCAT mission. We note that SWR also provides improved wind estimates, particularly in regime 1.
Overall, AS-SWR has improved rain retrieval capabilities compared to DL-SWR. Despite DL-SWR's somewhat higher correlation with AMSR rain rates, AS-SWR rain rates are generally more accurate and precise. The accuracy of AS-SWR rain estimates improves as the rain contributes more significantly to the backscatter in regimes 1 and 2. The monthly average rain rates of AS-SWR and AMSR are comparable for a broad range of latitudes, whereas DL-SWR average rain rates are larger than AMSR rain rates across all latitudes.
As a secondary comparison we consider AS-SWR-derived rain rates and "SRAD" rain estimates derived from SeaWinds noise-only measurements [15] , [16] . We note that the scatterometer noise-only measurements are interleaved with its signal power measurements so that the SRAD observations are naturally collocated in time and space with the SWR mea- surements. However, in SRAD processing, spatial averaging is used to reduce the noise and variability. This has the effect of lowering the effective resolution of the SRAD rain estimates compared to the SWR measurements, which has a side effect of increasing relative variability with AS-SWR. We note that the SRAD measurements have a large ΔT compared to AMSR measurements.
A comparison of AS-SWR and SRAD rain rates is shown in Fig. 8 . The SRAD measurements are biased approximately 6 mm/h lower than the AS-SWR measurements. While a general correlation trend is observed (correlation coefficient ∼0. 4) , there is significant variability. The high scatter arises from the high levels of noise in the two data sets and limits the utility of the comparison. While the scatterometer noise-only measurements are used in signal power estimation in computing the backscatter measurement, the backscatter measurement error is dominated by Rayleigh fading and thermal noise during the signal power measurement. Thus, the measurement errors (noise) in the SRAD and AS-SWR rain estimates are effectively independent. The high noise level is similar for all regimes, but as expected, a variation in correlation with regime is observed: The correlation is the lowest (0.35) for backscatter regime 0 where wind dominates (and thus AS-SWR is the least accurate), and the largest (0.41) for rain-dominated regime 2 where AS-SWR is the most accurate.
B. Rain Flag Comparison
The comparisons made in the previous section are primarily in areas where AMSR and AS-SWR or AMSR and DL-SWR both detect nonzero rain. This section compares the ability of the DL-and AS-SWR algorithms to detect rain in the same regions as AMSR. The SWR algorithms' rain rates can be used to flag wind-only retrievals for rain contamination. We compare the rain flagging ability of AS-SWR to the rain impact flag in the SeaWinds L2B file and to DL-SWR rain rates. The two metrics of flagging ability are false alarm rate and missed detection rate. A false alarm occurs when the WVC is flagged for rain but the AMSR rain rate is zero. A missed detection occurs when the WVC is not flagged and AMSR shows a nonzero rain rate. For this comparison, rain is detected by a particular algorithm if the rain rate is greater than 0.01 mm/h. Increasing the threshold decreases both the false alarm rate and the missed detection rate. Table V contains a summary of the false alarm and missed detection rates for the three rain flags under consideration. The L2B flag, which for ADEOS-II includes AMSR data, is asserted when rain has an appreciable impact on the accuracy of wind retrieval [12] . While the L2B rain impact flag has the lowest false alarm rate and the highest missed detection rate compared to the other algorithms, its accuracy is reduced on QuikSCAT. AS-SWR has a smaller false alarm rate than DL-SWR but has a higher missed detection rate. The difference in both cases is about 1%, indicating that the performance of both SWR algorithms in detecting rain is comparable. We note that SWR rain flag accuracy is independent of the availability of AMSR data. We note that the rain rate thresholds of [30] can be updated and calibrated with the L2B rain impact flag to lower the false alarm rate by increasing the missed detection rate.
C. Wind Vector Comparison
This section compares the performance of AS-SWR wind retrieval to that of DL-SWR using NCEP winds as a comparison data set. Although NCEP winds have coarse resolution both temporally and spatially, they are not affected by rain. The original SeaWinds wind vectors ("L2B winds") are also included in this analysis to serve as a point of reference for wind retrieval without consideration of rain. The correlation coefficient, mean difference, and rms difference of speed and direction with respect to NCEP wind vectors are computed for all three wind vector data sets. To account for the bias between NCEP and SeaWinds wind vectors, NCEP winds are multiplied by 0.83 [7] , [19] . Table VI summarizes the statistical comparison. Overall, the performance of both SWR algorithms is comparable. Both SWR algorithms are an improvement over L2B processing.
To demonstrate AS-SWR's ability to correct rain contamination of wind retrieval, Fig. 9 shows normalized histograms of wind speed for AS-SWR, L2B, and NCEP winds. All three sets compare well under no-rain conditions. In wind-dominated regime 0, the scatterometer wind distributions are comparable, with just a slight shift to slightly higher wind speeds. The slight bias is due in part to variability in the rain-induced backscatter being converted to positive wind speed error and in part due to errors in regime identification error. Thus, some regime 1 cases are included in the regime 0 histogram. In regime 1, the L2B wind distribution is clearly shifted high, while the AS-SWR distribution matches the NCEP distribution. This pattern is even more pronounced in rain-dominated regime 2. Fig. 10 shows normalized histograms of wind direction relative to the satellite track for AS-SWR, L2B, and NCEP winds. A direction of 0
• corresponds to along-track while 90
• and 270
• correspond to winds blowing in the cross-track direction. For no-rain conditions, all three data sets match as expected. Similarly, in wind-dominated regime 0 the wind direction histograms match closely. In regimes 1 and 2, NCEP winds exhibit a bias toward cross-track winds that increases with rain. The AS-SWR wind direction histograms generally match the NCEP directions, although some evidence of cross-track bias remains. This occurs because the backscatter signatures of wind and rain are more similar for winds that blow cross-track [19] .
D. Results Summary
The AS-SWR and DL-SWR methods both produce more accurate winds than conventional processing. While overall rain performance is generally similar for the two SWR algorithms, AS-SWR rain rates are generally more accurate and precise than those of DL-SWR. AS-SWR has fewer false rain rates than DL-SWR, but it misses more true rain rates. The rain flagging capability of the DL-and AS-SWR algorithms are comparable; however, comparison to the AMSR-derived rain impact flag suggests that the flagging capability can be improved if SWR rain rate thresholds are adjusted. Both SWR algorithms improve the accuracy of wind estimates compared to L2B winds. In comparison to NCEP winds, the AS-SWR algorithm corrects the typical effects of rain contamination by lowering artificially high wind speed estimates and by correcting wind vectors that point cross-track due to rain contamination.
VI. CONCLUSION
A wind and rain backscatter model derived from AMSR and SeaWinds on ADEOS II has been implemented in the SWR algorithm. A climatological map of the mean rain height derived from AMSR data are used by the SWR algorithm to produce surface rain rate estimates comparable to those of AMSR, although noisier. AS-SWR rain estimates are an improvement compared to DL-SWR rain estimation. They are generally more accurate and precise and have a wider latitude range. AS-SWR also corrects much of the latitude-based errors in rain rate estimates to which DL-SWR is subject. The wind vector correction capability of the algorithm is effective at reducing artificially high wind speeds caused by rain-induced backscatter augmentation. The cross-track wind direction bias caused by rain contamination is significantly reduced. While AMSR-derived rain rates may be preferred to SWR-derived rain rates, we conclude that overall, the SWR algorithm is an effective method of improving the accuracy of SeaWinds scatterometer wind retrieval and has the added benefit of retrieving contemporaneous rain rates when radiometer data are not available for QuikSCAT.
